Phenotypic heterogeneity in clonal bacterial batch cultures is an important adaptive 10 strategy to changing environments, including in diazotrophs with the unique capacity to convert 11 di-nitrogen into bio-available ammonium. In diazotrophic Klebsiella oxytoca we simultaneously 12 measured mRNA levels of key regulatory (glnK-amtB, nifLA) and structural (nifHDK) operons required 13 for establishing nitrogen fixation, using dual molecule, single cell RNA-FISH. Through stochastic 14 transcription models and mutual information analysis we revealed likely molecular origins for 15 heterogeneity in nitrogenase expression. In wildtype and regulatory variant strains we inferred 16 contributions from intrinsic and extrinsic noise, finding that nifHDK transcription is inherently 17 bursty, but that noise propagation through signalling is also significant. The regulatory gene glnK 18 had the highest discernible effect on nifHDK variance, while noise from factors outside of the 19 regulatory pathway were negligible. Results provide evidence that heterogeneity is a fundamental 20 property of this regulatory system, indicating potential constraints for engineering homogeneous 21 nitrogenase expression. 22 30 Phenotypic heterogeneity may be particularly relevant in costly stress response systems, of 31 which the response to nitrogen starvation is a key example (Schreiber et al., 2016). In organisms 32 such as Klebsiella oxytoca, nitrogen starvation triggers a transition to diazotrophic behaviour in 33 which bacterial cells use atmospheric di-nitrogen as their nitrogen source for growth (Dixon and 34 Kahn, 2004). While this transition, and the associated transcriptional programme, is essential 35 for continued growth under conditions deplete of fixed nitrogen, it is also very costly since the 36 resultant ATP consuming nitrogenase enzyme may ultimately constitute up to 20 % of the proteome 37 (Dixon and Kahn, 2004). As such, if fixed nitrogen sources soon become available again, it is likely 38 advantageous to have not fully undergone the diazotrophic transition. Activation of the nitrogen 39 stress response is potentially somewhat of a gamble in which the payoff depends strongly on future 40 1 of 15
Introduction 24 Cell to cell variability in transcription has been recognised across many different cell types, and 25 attributed to a range of causes (Elowitz, 2002; Engl, 2019) . In bacteria such variability has been 26 suggested to underpin phenotypic differences, or heterogeneity, between otherwise genetically 27 identical cells cultured under a particular condition. Understanding this phenotypic heterogene-28 ity in bacterial clonal populations has important implications for medical and biotechnological 29 applications (201, 2016) . (Munsky et al., 2018) , through the combination of biological insight and quantitative models. This is 48 the approach we take here to investigate the sources of noise that lead to heterogeneity of nifHDK 49 gene expression at the transcriptional level. 50 In K. oxytoca, expression of a functional nitrogenase involves coordinated transcription of 18 51 nif genes that are organised in 5 operons. The nifHDK operon encodes the structural genes of the 52 nitrogenase and is the most highly expressed operon within the nif cluster. The core hierarchical 53 regulatory system of nif gene expression ( Fig. 1(A) ) consists of the nitrogen regulator NtrC activating 54 expression of glnK-amtB and nifLA operons, with NifA activating nifHDK gene expression when not 55 directly inhibited by NifL (Dixon and Kahn, 2004) . Both NtrC and NifA are bacterial enhancer binding 56 proteins (EBP) that activate the major variant σ 54 RNA polymerase, with a distinct ATPase dependent 57 activating mechanism compared with the canonical σ 70 type RNA polymerases (Schumacher et al., 58 2006) . The inhibitory NifL-NifA complex is destabilised by (i) GlnK binding, (ii) a reduced state 59 of the NifL, (iii) ADP and (iv) α-ketoglutarate binding (reviewed in (Dixon and Kahn, 2004) ). This 60 arrangement integrates signals conducive to nitrogen fixation, namely a reducing environment, 61 high energy levels and presumably low nitrogen levels, as high α-ketoglutarate levels indicate a 62 low nitrogen status in the closely related E. coli (Schumacher et al., 2013) . A low nitrogen status, 63 defined as the ratio of glutamine/α-ketoglutarate also increases the activity of NtrC and enhances 64 its expression by triggering uridylation of PII signalling proteins. Further, low glutamine levels affect 65 the post-translational uridylylation state of GlnK, however it is unclear if the uridylation state affects 66 GlnK function in destabilising the NifL-NifA complex in K. oxytoca (He et al., 1998) . 67 Phenotypic heterogeneity in nitrogen fixing K. oxytoca grown in chemostats has been demon-68 strated under limiting ammonium availability and suggested to be caused by events downstream 69 of GlnK (Schreiber et al., 2016) . A degree of phenotypic heterogeneity is known to result from the 70 inherent stochasticity in gene expression and has been widely observed in other systems (Elowitz, 71 2002; Cai et al., 2006; Kiviet et al., 2014) . Such stochasticity is common to all chemical reaction 72 systems involving small numbers of molecules of which transcription is a key example. However 73 transcription is further observed to occur in bursts (Jones and Elf, 2018; Golding et al., 2005; Suter 74 et al., 2011; Larson et al., 2013) , short periods of intense transcriptional activity, resulting in in- 75 creased levels of heterogeneity. Together, inherent stochasticity and burstiness lead to what is 76 often referred to as intrinsic noise which may be a fundamental property of transcription of a 77 given gene. However, it is understood that in addition to this intrinsic noise, other sources of noise 78 external to a particular gene may also be relevant. These additional contributions to heterogeneity, 79 referred to as extrinsic noise, have been observed experimentally by simultaneously measuring the 80 expression of two or more copies of the same gene at the single cell level (Swain et al., 2002; Raser 81 and O'Shea, 2004; Gasch et al., 2017) . Correlations in the expression of these two gene copies 82 reflect perturbations that simultaneously affect both. 83 While noise contributions can sometimes be directly measured, it is also possible to make 84 inferences via a modelling approach. Intrinsic noise and bursty transcription have long been 85 modelled by the so-called Telegraph process that describes stochastic events within transcription (2004) . Transcription of nifHDK is subject to a hierarchical regulatory system. (B) Population size during transition to diazotrophy in wild-type K. oxytoca. Following run-out of ammonia, cultures display arrested growth during the diazotrophic transition, marked in gray. Growth from ten hours onwards is achieved through nitrogen fixation. (C) Distribution of nifHDK transcript abundance at 8 hours. Almost all cells have non-zero expression levels, but there is significant variability across the population. The average expression level is not necessarily representative of the typical cell. Sherman et al., 2015; Ham et al., 2019) , and subsequently quantify this contribution. 92 Here we are interested in the relative contributions of intrinsic and extrinsic noise to expres-93 sion of the nifHDK operon, under conditions in which free living K. oxytoca cells transition to use 94 atmospheric di-nitrogen as their nitrogen source for growth. Using smRNA-FISH and examining 95 the relationship between genes at different levels in the regulatory cascade controlling nitrogenase 96 gene expression, we are able to reveal the combined roles of intrinsic noise at the level of the nifHDK 97 promotor and extrinsic noise arising from upstream regulation. By further fitting stochastic models 98 for the transcription process, these contributions are quantified, along with additional details of the 99 regulatory mechanisms.
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Results
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Transition to diazotrophy 102 To measure the full spectrum of heterogeneity pertaining to the transition into and establishment 103 of full diazotrophy, precultures grown in nitrogen replete aerobic conditions were transferred to 104 nitrogen free, anaerobic media at time zero, when no nif expression or acetylene reduction was 105 detectable. We found that K. oxytoca (WT) populations subjected to these conditions first consumed 106 residual ammonia then experienced a growth arrest, which lasted around 5 hours, (see Fig. 1(B) ). 107 This was followed by a resumption of growth using N 2 gas derived ammonia as their nitrogen 108 source, evidenced using the established acetylene reduction activity profiles as a measure of bulk 109 population nitrogenase enzyme activity in batch culture (Dilworth, 1966) . 110 In order to investigate and verify the regulatory roles of glnB, glnK and nifA, we also grew cells 111 lacking the positive regulator GlnK (ΔglnK), cells lacking the enhancer binding protein NifA and its 112 co-transcribed inhibitor NifL (ΔnifLA), and cells lacking the upstream regulator GlnB (ΔglnB), which 113 controls the NtrB dependent phosphorylation of NtrC in the cells in diazotrophic behaviour. We 114 conducted the same experiments on each mutant, tracking the population growth and Nitrogenase 115 activity (see Fig. 1 S1) . We found that the absence of GlnB had negligible effect. By contrast both the 116 ΔglnK and ΔnifLA mutants showed markedly different behaviour to the wild-type, also confirming 117 the known role of each. Some nitrogen fixation was evidenced in the absence of GlnK (30 % of that 118 in WT at 9.5 hours), but the ΔnifLA mutant was unable to fix at any level. 119 Further to these population averaged observations, we established use of FISH in K. oxytoca 120 to estimate single molecule mRNA levels for the nifHDK operon which encodes the iron protein 121 complex of the nitrogenase enzyme. We followed the protocol outlined in (Skinner et al., 2013) , 122 measuring expression in two additional control samples, as detailed in materials and methods. 123 Results indicated significant variation in nifHDK transcript abundance (see Fig. 1 (C) for an example). 124 As is common in gene expression data, the distribution is decidedly non-Gaussian, with a bulk 125 of cells at low expression levels and a longer tail of much higher values. This means that the 126 "average" cell has relatively high expression levels compared with the majority, and therefore that 127 bulk measurements of nifHDK gene expression do not represent a typical cell. and should therefore be evident as significant co-variance between any expressed pair of genes. 141 We used mutual information (MI) as a suitable metric for quantifying co-variance in gene , the implications for a lower bound on nifHDK variability are significant. Given that the cells 159 are exposed to identical conditions within the culture, it is noteworthy that variability at the level of 160 glnK acts to increase variability in nifHDK.
161
Stochastic models incorporating extrinsic noise 162 Next, we sought to understand the minimum level of variability that might be observed if the direct 163 regulatory role of GlnK were bypassed. This was done by measuring expression levels in a ΔnifLA 164 strain in which nifA is overexpressed ectopically on a plasmid (+nifA, see materials and methods), 165 thus making nifHDK expression independent of GlnK control. mRNA copy no.
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⟨nifHDK mRNAs⟩ ⟨nifHDK mRNAs⟩ mRNA copy no., n mRNA copy no., n that similar levels of intrinsic variability may also be relevant when other genetic variants are tested. 175 Based on the observations that both intrinsic and extrinsic sources of noise may be generally 176 relevant, we sought to develop stochastic models for transcription that could incorporate both 177 these effects, following the approach outlined in (Ham et al., 2019) . When considering nifHDK 178 transcription to be intrinsically bursty, as shown schematically in Fig. 3(B) , this can be modelled 179 by the Telegraph model (Peccoud and Ycart, 1995; Iyer-Biswas et al., 2009) we take the view that extrinsic noise arising from glnK variability acts as a variation between cells 186 in the burst frequency. This leads to a model that is additionally parametrized by the normalised 187 frequency variation ∕ . Further details are given in the materials and methods. 188 For each of the three exemplar distributions shown in Fig. 3(A) , a comparison is given with the fit to the data in each case, thereby enabling us to draw meaning from the model parameters, 191 inferred for a number of genetic variants and displayed in Fig. 3(C) . We observed a clear relationship 192 between the mean expression level and the burst frequency, which is contrasted by the very limited From the bulk measurements, our data extends the existing understanding of the nif regulatory 214 network in K. oxytoca. We find that a ΔglnB strain behaves in a similar manner to the WT in a 215 number of respects, consistent with the highly homologous GlnK being able to compensate for the 216 loss of GlnB. GlnB and GlnK were shown to have redundant functionalities in regulating nitrogen 217 assimilation genes in E. coli, but this redundancy is not fully extended to nifHDK gene regulation 218 in the closely related Klebsiella pneumoniae (Arcondéguy et al., 1999) . Further, GlnB and GlnK post 219 8 of 15 translational uridylylation plays an important role in regulating nitrogen assimilation genes but GlnK 220 uridylylation is not required for nifHDK gene regulation (He et al., 1998) (Arcondéguy et al., 1999) , and because glnB, unlike glnK, is constitutively expressed, such 226 a compensatory mechanism of glnK by glnB could explain the reduced contribution of extrinsic 227 noise. Lastly, low-level nifHDK expression did not occur in the ΔnifLA strain. This is consistent with a 228 scheme of control in which NifA provides the essential but leaky switch for nifHDK expression while 229 GlnK is the regulatory modulator. NifLA, since the differences in mRNA and protein lifetimes can act to reduce correlations between 238 transcript and protein abundance (Taniguchi et al., 2010) . Fluctuations could also propagate from 239 the master regulator NtrC, but any sources of noise above this level must be small and therefore all 240 variability in nifHDK expression must arise from within, and not outside, the regulatory network 241 (see Fig. 4(B) ).
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Unlike for nifLA, small but statistically significant MI is observed between glnK and nifHDK. This by examining the variation of model parameters across mutants we can deduce that the average 254 expression level is principally determined by the burst frequency rather than the burst size. This is 255 consistent with recent observations for the phage shock protein (Psp) membrane stress response 256 which is also σ 54 dependent (Engl et al., 2019) , and in contrast to the existing understanding for σ 70 257 promotors (So et al., 2011) . 258 The model and inferred parameter variation displayed in Fig. 3(C) of transcription, yet the burst size is similar to the WT and other mutants, perhaps because the 266 average time before dissociation of NifA from the promotor is independent of its abundance within 267 the cell. This may reflect the rather slow conversion of a closed promoter complex as bound by 268 NifA to an open promoter complex from which NifA has dissociated (Friedman et al., 2013) . The 269 level of extrinsic noise in this case is very low, since NifA availability is large enough for the system 270 to essentially be "saturated": any variability in NifA has little impact if the burst frequency is already 271 at a maximal value. 272 The modelling and quantitative analysis gives us mechanistic insight into the sources of hetero-273 geneity, implying that the large variation in nifHDK expression is an inherent property of this system. 274 What is not clear is the implication of this for evolutionary fitness. A first possibility is that the 275 heterogeneity is either unavoidable or sufficiently benign that the extra regulatory effort that would 276 be required to suppress it is not worthwhile (Lestas et al., 2010; Yan et al., 2019) . In this scenario 277 heterogeneity is no more than an interesting artefact of the regulatory system. The alternative 278 is that heterogeneity is beneficial, perhaps in a bet-hedging sense, as has been indicated before 279 in bacterial stress response systems (Carey et al., 2018; Patange et al., 2018) . Actually testing for 280 evidence of bet-hedging is generally challenging (Simons, 2011; Grimbergen et al., 2015) , and the 281 strength as a strategy depends both on the specifics of the stress response system and on the 282 typical frequency of environmental changes (Kussell and Liebler, 2005) . Since the response to 283 nitrogen starvation incurs such a heavy metabolic cost and resource availability for enteric bacteria 284 is highly unpredictable, bet-hedging remains plausible. 285 It is quite possible that the observations made here are applicable to many other stress response 286 systems. However particular interest in the nitrogen starvation response arises from the desire 287 to engineer higher bulk levels of nitrogen fixation (Gasperotti et al., 2020) . In this context the 288 significant heterogeneity observed here may impose particular limitations on industrial scale use 289 of diazotrophs (Delvigne et al., 2014) , as well as confound the efficient use of clonal populations 290 of diazotrophs in the rhizosphere unless engineered to avoid variance. Our results suggest that 291 heterogeneity can be somewhat reduced by bypassing glnK and expressing nifA heterologously, 292 yet only to a degree. Further questions then arise as to the extent this would affect population 293 level fitness. If the sustainable population size or geometric growth rate are affected too much, a 294 homogenously fixing population may perform no better in bulk. We hope therefore that the results 295 presented here will motivate a more careful consideration of the challenges surrounding the use of 296 diazotrophic bacteria as a source of fixed nitrogen.
297
Materials and methods
298
Bacterial Strains and growth conditions 299 All experiments were performed with Klebsiella oxytoca M5aI, obtained from (Yu et al., 2018) 
Nitrogenase assay
Nitrogen fixation was assessed via the acetylene reduction assay (Shah and Brill, 1973) The stochastic model for transcription is based upon the Telegraph model in which a given gene transitions from inactive to active at rate and from active to inactive at rate . When the promotor is active, transcription occurs at rate , while degradation of the mRNA occurs at rate independent of the promotor activity. If ≫ and ≫ , the distribution of transcript abundances is the negative binomial (Ham et al., 2019) ,
We additionally take extrinsic noise arising from variation in glnK (and potentially other factors) to act as a variable activation rate. This is incorporated by taking the parameter to itself vary between cells according to a log-normal distribution with mean and standard deviation . This leads to the compound distribution, Given this model, we fitted the parameters via a Bayesian inference approach using an MCMC 373 sampling scheme implemented in the programming language Julia. This enabled us to obtain 374 posterior distributions for each of the three parameter ratios, from which we obtained maximum 375 a posteriori (MAP) estimates for each parameter and 95% credible intervals, as plotted in Fig. 3(C) . 376 All code relating to the modelling and parameter inference is available at https://github.com/ 377 rdbrackston/TranscriptionModels.
378
Calculating extrinsic contributions to variance 379 Given the model fits to each dataset, we were able to calculate the extrinsic contributions to 380 variance following the approach in Sherman et al. (2015) ; Hilfinger and Paulsson (2011) . If is the 381 copy number of mRNA drawn from the compound distribution ( | ), where is the variable burst 382 frequency, then the total variance of may be decomposed as:
The first term is the average variance of the mRNA copy number distribution, where the average 384 is over the distribution of values for . This term gives the contribution of intrinsic noise as it 385 is essentially a weighted sum of the variation that arises for a fixed . The second term is the 386 variance of the mean copy number, where the variance is again evaluated over the distribution 387 of values for . This quantifies the contribution of the extrinsic noise since it is a measure of the 388 variation in the copy number directly resulting from the variation in . We can calculate each of 389 these terms numerically given a set of model parameters, thereby calculating the fractional extrinsic 390 contribution to the total variance as,
In practise the MCMC scheme yields a joint distribution over the three parameters , , .
392
In order to accurately assess a best estimate of the extrinsic contribution as well as confidence 393 intervals we evaluate the contribution  for 4000 parameter triplets sampled from the chain. From 394 this distribution we calculate a maximum a posteriori estimate and 68% credible intervals. 
